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Introduction 42
Industrial bioprocessing using microorganisms often use single species or strains and is most 43 frequently optimised through either strain engineering or process manipulations. Improvements in 44 process efficiency are achieved through process parameter optimisation (Simutis and Lübbert 2015) 45 or culture media optimisations (Singh et al. 2017 ). Strains can be modified using either traditional 46 genetic and metabolic engineering, or through emerging data driven synthetic biology approaches 47 (Peralta-Yahya et al. 2012). However, single species bioprocesses are inherently limited by the 48 metabolismengineered or notof the strain used (Pandhal and Noirel 2014) . Microbial 49 communities found in nature are less restricted in their metabolic abilities, and can often undertake 50 metabolically complex tasks. These synergies are driven by the ability of individual species to share 51 by-products between one another (Chiu, Levy, and Borenstein 2014) . Microbial communities are also 52 more robust compared to single species cultures as they demonstrate emergent properties, reflecting 53 the consortium's ability to adapt to changing process conditions or the presence of diverse 54 metabolites. 55
Highly complex microbial communities are routinely harnessed for industrial processes, particularly 56 for wastewater treatment or for biogas production. Complex consortia with diverse metabolic 57 capabilities and functional characteristics are extremely valuable in these contexts, where feedstocks 58 (i.e. waste) can vary or environmental parameters of the process are difficult to control. Microbial 59 consortia with desirable functions are often selected by enrichment by providing suitable industrial failures are inherently empirical and limited to changing process conditions because the tools 62 required for fully characterising the interactions between the microorganisms that make up the 63 consortia remain limited. Optimisation of the community of microbes can be undertaken by adaptive 64 evolution, if a suitable selective pressure can be identified, or by construction of synthetic consortia 65 from laboratory isolates. However, construction of synthetic consortia may present difficulties due to 66 the presence of so-called "unculturable bacteria" (Stewart 2012) . These are bacteria that are difficult 67 to grow in a laboratory, either due to lack of knowledge of their metabolic requirements or their 68 reliance on other community members. With increasing knowledge of the metabolic requirements 69 and the availability of techniques to culture these difficult organisms, laboratory-based methods to 70 isolate and then create synthetic consortia to outperform existing microbial communities is an 71 incipient approach to optimise industrial processes and enable additional functionality, for example, 72 degrading new manmade materials or recovery of resources from waste streams. 73
Engineered synthetic consortia should seek to mimic or outperform the function of the wild type 74 consortium. A key objective may be to find the smallest number of species which meet bioprocessing 75 requirements. The minimal consortium would contain only the metabolic functioning and diversity 76 required to meet the end goal of the process. An efficient consortium could entail individual species 77 which do not compete for resources in such a way that the overall growth of the community is slowed 78 or hindered, and it is for this reason that natural consortia are often not ideal. During laboratory 79 investigations to identify appropriate members of a synthetic consortia, it would be desirable to find 80 combinations of bacteria which will naturally interact synergistically or have metabolic requirements 81 which complement one another. Synergistic interactions between two or more different strains may 82 be inferred through an increase in growth rate over and above the sum of the individual growth rates 83 or in an increase in overall yield, over and above the sum of the individual yields. 84
In this study, we aimed to identify bacterial species that can be utilised to construct synthetic 85 microbial consortia capable of effective bioremediation of landfill leachate. Leachate is generated 86 when liquid (most often rainwater) soaks through the landfill, solubilising compounds which diffuse 87 from the waste into the water including heavy metals such as lead and mercury, organic matter in 88 solution (alcohols, aldehydes), sulphates, chlorides, ammonia including other inorganic components, 89 and many xenobiotic compounds (such as halogenated organic compounds) (Kjeldsen et al. 2002) . 90
We isolated bacteria from a man-made landfill leachate habitat and examined the effects of 91 competition and synergistic interactions in synthetic combinations of six bacterial isolates via in-This is a provisional file, not the final typeset article depth analyses of yield and growth rates. We identified consortia able to grow at a faster rate or reach 93 a final higher biomass yield than that of the original community, using landfill leachate as the only 94 carbon source. We explored the effects of strain identity on performance using regression tree 95 analysis to identify key bacterial players in the synthetic landfill leachate ecosystems constructed. 96
This novel data analysis approach, combining regression tree analysis and mixed models reveals the 97 effects of individual species and species richness on the degradation rate and yield, and can be 98 applied to other consortia in different environments. 99 100 2
Materials and Methods 101 2.1 Retrieving isolates from leachate 102 1 L of landfill leachate was collected from two locations at a local landfill site (Erin, Derbyshire, 103 U.K.) on 27 th January 2016 in a sterile glass container. Upon receipt in the laboratory, the leachate 104 was mixed well and 1 mL of the leachate from each location was spread on to R2A agar. The plates 105 were incubated at 25ºC for 48 hours. Thirteen colonies with a distinct colony morphology and 106 appearance were transferred to fresh R2A agar. The plates were incubated at 25ºC for 24 hours. A 107 single colony from each of the thirteen plates were used to inoculate 5 mL of R2A broth. The 108 cultures were allowed to incubate at 25ºC for 24 hours. The isolates were collected by centrifugation 109 at 4500 g for 5 minutes. The supernatant was discarded and the isolates were resuspended in 1 mL 110 R2A broth supplemented with 10% (v/v) sterile glycerol. The suspension was stored in the -80ºC 111 freezer until further use. 112
DNA extraction 113
The 13 isolates were taken from the glycerol stocks and streaked onto R2A agar plates and incubated 114 at 30 o C overnight. A sterile pipette tip was used to transfer cells from the plates into 10mL of M9 115 salts supplemented with 20% w/v acetate. 116
The Cetyltrimethyl Ammonium Bromide (CTAB) protocol for DNA extraction was used to extract 117 the DNA from each isolate according to the protocol as described previously (Karunakaran et al.
16S gene DNA sequencing 121
DNA from each isolate was taken for PCR amplification. Preliminarily, a low fidelity PCR was 122 carried out to confirm that all isolates were bacterial. GoTaq Green Master Mix from Promega UK 123 was used with 16S rDNA PCR primers in the initial run. The 27F (5'-124 AGAGTTTGATCMTGGCTCAG) and 1492R (5'-TACGGYTACCTTGTTACGACTT). A gel 125 electrophoresis on 1.5% agarose with ethidium bromide was run with the amplified DNA at 130 volts 126 for 45 minutes. A 1 kilobase molecular-weight size marker (Hyperladder 1KB from Bioline UK) was 127 used to confirm that the 16S ribosomal RNA hypervariable region had been isolated (supplementary 128 material). A high fidelity PCR was performed with the same 16S primers but using Q5 Hot start 2x 129 master mix (New England Biolabs, Hitchin, U.K.). After amplification, an Applied Biosystems 3730 130 DNA Analyser using BigDye v3.1 was used to sequence the genes for the 16S hypervariable region. 131
Identification was performed using the NCBI Nucleotide BLAST and searching the Nucleotide 132
Collection (nr/nt) database. Both forward and reverse sequences were used in the search to confirm to 133 the highest level of confidence the identification. 134
Growth measurements 135
A modification of the standard M9 salts protocol (Sambrook and W Russell 2001) was used to 136 cultivate the cells, where glucose/acetate was replaced with landfill leachate as the only carbon 137 source (hereon referred to as leachate growth media). A 5 x M9 minimal salts solution (Sigma-138 Aldrich, Dorset, U.K.) was prepared by dissolving 56.4 g of M9 into 1L of water of distilled water 139 and autoclaved at 121 o C for 15 minutes. 200 mL of 5X M9 salts were then transferred to a separate 140 autoclaved 1L Duran bottle, and to it added 2mL of 1 M magnesium sulphate and 100 µL of 1 M 141 calcium chloride, both filter sterilised using a 0.22 m syringe filter. 100 mL of landfill leachate was 142 centrifuged to remove particulate matter and sterilised using a 0.22 m syringe filter. It was then 143 added and made up to 1 L using autoclaved distilled water. 144
Bacterial pre-cultures were grown to a sufficiently high optical density (OD) of 0.6, at 37 o C for 4-8 145 hours with shaking at 250 RPM. A 1 mL aliquot was used to measure OD of the sample in a 146 spectrophotometer at 595 nm. A further 1 mL aliquot from was transferred to an autoclaved 147 microcentrifuge tube and spun at 10,000 g for 5 minutes. The supernatant was removed and the pellet 148 was washed by gently pipetting up and down with 1 mL of leachate growth media. The sample was This is a provisional file, not the final typeset article replaced once again with 1 mL of leachate growth media, pipetting gently up and down to re-suspend 151 the cells. Each aliquot was diluted to 0.01 OD595. Aliquots from these were used to prepare the 152 combinations of bacteria with a required starting OD of 0.01 (595 nm). For pairwise combinations 153 500 µL of each isolate at 0.01 OD595 were taken and mixed to make a final volume of 1 mL. For 154 three-way combinations, 350 µL of each isolate were mixed for a final volume of just over 1 mL. 155 A TECAN GENios (Seestrasse, Switzerland) was used for the growth measurements. 29 156 combinations per plate were tested with negative controls (un-inoculated leachate growth media). 157
The spectrophotometer was set to measure scattering at a wavelength of 595nm every 20 minutes for 158 up to 72 hours, with orbital shaking for 1000 seconds before each measurement to ensure 159 homogeneity in each well during the measurement. 160
The exponential growth rates were calculated using Growth Rates software (Hall et al. 2014 ), but 161 also checked manually. The yield was defined as − . The implicit assumption here 162 is that growth can be used as a proxy for the breakdown of organic components, as these provided the 163 sole source of carbon to the bacteria, and hence growth can be an indication of bioremediation. 164
Statistical analyses 165
Rate and yield factors for each consortium were calculated to analyse whether growth and yield were 166 determined by antagonistic, additive or synergistic effects (Fiegna et al. 2015) . The rate factor was 167 defined by: 168
is the observed growth rate of the consortium itself, and is the growth rate of isolate i in a 172 monoculture, and , is the presence of isolate i in consortium c (either 0 or 1). Similarly, the yield 173 factor was defined by: 174 175 = Σ , effects via the lme4 package for R (Bates et al. 2015) . Our model fit rate or yield as a function of 181 diversity (number of species in the consortia) with a random effect specifying the community 182 composition (e.g. a consortia of three species is represented by 20 different combinations of the six 183 pool species).
as a function of species richness was modelled as a power law and as a 184 function of species richness was modelled as a 2 nd order polynomial. 185
We explored the potential identity of keystone species in consortia using a regression tree analysis 186 via the rpart package for R (Therneau et al. 2015) . Using fitted values from the regression models of 187 and , we recursively partitioned these data by diversity and species identity. This process 188 identifies combinations of richness and species identity that are associated with maximal or minimal 189 rate and yield. 190
3
Results 191
Isolation and identification 192
Successful PCR amplification with 16S primers revealed that all cultured isolates taken from the 193 landfill leachate were prokaryotic. Of the 13 isolates taken from the landfill site, 9 were identified at 194 least at the genus level and 6 were unique. Following NCBI Nucleotide BLAST searching using the 195 Nucleotide Collection (nr/nt) database, three strains of Pseudomonas were found and were grouped 196 into one OTU, hence the total number of identifications for this study was kept as 6 ( In Fig 1a, consortia with three or more species appear to be growing with less than additive rate 223 performance, while the consortia of two species appeared to be growing with synergistic rate 224 performance. 21% of consortia showed some positive rate determining interaction ( < 1). In Fig  225   1b , nearly all consortia were demonstrating less than additive (antagonistic) yield; only 9% of 226 consortia showed positive yield determining interactions, most of which had a species richness of 3. 227
Positive or synergistic interactions were more likely to be found in 2-way microbial consortia, with 228 69.2% of 2-way microbial consortia having rate determining interaction factors ( ) greater than 1. 229 10.5% of 3-way microbial consortia had > 1, and 0% of both 4-way and 5-way microbial 230 consortia had > 1. Finding instances where yield determining interaction result in a positive 231 interaction, > 1, is less likely than for growth rate. 5.1% of 2-way consortia, and 21% of 3-232 way consortia showed positive interactions. 0% of 4 and 5-way consortia showed positive 233 interactions. Of all consortia, only one showed both positive rate and yield interactions, this was a 2-234 way consortium of Lysinibacillus sp. and Alcaligenes sp.. showing the 95% confidence intervals. A species richness of 1 is not plotted because by definition 243 the interaction factor of a monoculture is always 1and it is meaningless to talk about inter-species 244 interactions for a single species culture. Right: Mean yield determining overall interaction factor vs 245 species richness with error bars showing the 95% confidence intervals. Species richness of 1 is not 246 plotted again because the interaction factor would be 1. It should be noted that there are fewer 4-way 247 combinations than 3 way combinations, and fewer 5-way combinations than 4-way combinations due 248 to the finite way of choosing k elements from a set size n. 249
As detailed in the methods, we fit a power law model to the rate factor vs biodiversity data given by 250 = + 1 with =-0.25, a=0.5109, b1=0.228. Rate factor declined non-linearly with species 251 richness (p<0.01, adjusted R 2 = 0.82). We also fit a second order polynomial to the yield factor vs 252 biodiversity data which was given by = + 1 + 2 , with a=-0.581, b1=0.830, b2=-0.130 253 (p<0.01, adjusted R 2 = 0.25). The random effect of consortium composition captured substantial 254 variation compared to a model without the random effect and thus improved inference via our fixed 255 effects (Δ = −166, Δ = −141). 256 257
Are there keystone species? 258
Our regression tree partitioning of the effects of diversity and species identity (Figures 3 and 4 ) 259 revealed that the highest growth rate interactions were from low diversity (<3 species) consortia 260 missing species 13, Stenotrophomonas chelatiphaga. Interestingly, the next highest growth rate 261 factor was for consortia with <3 species containing Stenotrophomonas chelatiphaga. This reveals 262 that the dominant "force" affecting consortium growth rates is derived from species richness. While it 263
is seen that the presence of Stenotrophomonas chelatiphaga in 2-way consortia causes decreases in 264 positive interactions, the effects of this change are damped by larger effect of species richness. This 265 is what is expected given the modelling results for rate factor vs biodiversity. 266
In Figure 3 , the data is initially split by richness. The right of the tree shows the 2-way consortia are 267 further partitioned by the presence of Stenotrophomonas chelatiphaga. When S. chelatiphaga is 268 present, an average rate determining interaction factor of 1.06 is observed, however when it is not 269 paired with any other isolate the interaction factor rises to 1.37. The branch on the very right-hand 270 side of the tree with richness >=4 is merely reiterating what is seen in Figure 2a , high species 271 richness (4 and 5) leads to very low rate determining interaction factors, implying more competition. 272
The branch for consortia with a species richness of 3 is then split based on the presence of isolate 7, 273
Alcaligenes sp. whereby the presence of this species results in an overall lower mean . The same 274 is true for consortia which do not contain Alcaligenes sp. but do contain isolate 4, which is 275
Lysinibacillus sp. It is implied that Lysinibacillus sp. is so competitive that when removed from 3-276 way consortia the average increases from 0.525 to 1.05 on average. 277
Our regression tree partitioning of the effects of diversity and species identity on yield interactions 278 revealed that the most positive yield interactions are associated with Lysinibacillus sp and 279
Paenibacillus sp and diversities of 3 and 4 species. Figure 4 shows the regression tree for 280 determining factors contributing to the yield factor. The tree is first split by the presence of isolate 4, 281
Lysinibacillus sp.. The right shows that when Lysinibacillus sp. is present, the average interactions 282 which determine yield are much more positive than when it is not present. Branching off from p4=0 283 there is another branch indicating the lack of isolate 7, Alcaligenes sp.. This branch has the second 284 lowest yield factor, implying the second most competitive ecosystem for high yields. This occurs 285 when both Alcaligenes sp. and Lysinibacillus sp. are not present in the consortia. When these two 286 isolates are absent they lead to high implied synergistic interactions for growth rate but high implied 287 competition for yield, and when they are present they lead to overall higher implied synergistic 288 interactions for yield but overall much higher implied competition for rate. However, when these two 289 isolates are alone they form the only consortium to have both positive rate and yield determining 290 interactions. Much of the right-hand side of the regression tree in Figure 3 is devoted to showing the 291 differences in yield determining interactions arising from changes in species richness where This is a provisional file, not the final typeset article when both it and isolate 10, which is Paenbacillus sp, are paired up with any other isolate to form a 295 3-way combination -resulting in an average yield factor of 1.07. This implies that Paenbacillus sp 296 and Lysinibacillus sp. will either weakly positively interact or not interact with the third isolate in the 297 system. 298
In addition to these data, we further explored how rate and rate factor were correlated, and how yield 299 and yield factor were correlated, to determine whether systems with high rates or yields also exhibit 300 high synergistic interactions and vice versa. Linear models were fitted to the rate factor vs rate data, 301
and it was found that positive interactions were correlated with growth rate (P < 0.001, R 2 =0.79). 302
Yield was less strongly correlated with interaction positivity (P < 0.001, R 2 =0.46). These data are 303 represented in Figure 5 . Presence is quantified by either 0 or 1 for each isolate, for example, p7=0 means Alcaligenes sp. is 309 not present. The left of the tree contains the consortium data for consortia with a richness or 3 and 310 above, whilst the right of the tree contains data for consortia with a species richness of 2. The data set 311 used to train this regression tree does not contain the monoculture data because this would simply be a single redundant branch from the tree with richness=1 leading to a rate factor of 1. Refer to The left of the tree contains the consortium data for consortia with species 4 (Lysinibacillus sp.) not 320 present and the right of the tree contains consortia where it is present. The data set used to train this 321 regression tree does not contain the monoculture data because this would simply be a single 322 redundant branch from the tree with richness=1 leading to a rate factor of 1. Refer to table 2 for 323 isolate names. We aimed to evaluate the effects of consortia diversity and species identity on the growth rates and 335 yield of bacterial isolates growing on landfill leachate. While the majority of bioprocessing 336 optimisation focuses on engineering single strains or manipulating process parameters, our work 337 focused on consortia composition and rapid methods to identify consortia size and potential keystone 338 species for growth and yield. This was under the assumption that higher growth rate indicated a faster 339 rate of landfill leachate detoxification, and higher yield indicated a more comprehensive degradation 340 of components within the leachate (i.e. more substrates are degraded). This assumption was due to 341 landfill leachate providing the only carbon source available to the bacteria. 342
Our methodology provided small-scale, high-throughput testing of a large number of synthetic 343 bacterial consortia combinations. The 96-well plate reader methodology allowed for automated and 344 rapid collection of growth rate and yield data. The simplicity of the experimental design makes it 345 robust for the testing of even higher order combinations of bacteria isolated from more complex 346 ecosystems. It should be noted that the six bacteria tested represent only a snapshot of the full 347 system, due to unculturable bacteria, media selection and culture conditions, which may bias the 348
isolated strains. In this study, the procedure used for isolation of strains from landfill leachate 349 resulted in biased isolation of aerobic heterotrophs. 350
Our results show that overall positive interactions resulting in either higher yields or rates are rare, 351 implying competition could be the main interaction within our consortia. Although it might be 352 assumptive to suggest the same for the majority of microbes within landfill leachate environments, 353 similar findings have been revealed in other ecosystems such as those found in tree holes (Foster and 354 Bell 2012). The only co-culture to show both positive rate and yield determining interactions was that 355 of Alcaligenes sp. and Lysinibacillus sp., implying an interaction possibly through the exchange of 356 metabolites, and/or the capability to use different substrates (separate niches). In fact, Alcaligenes sp. The observed predominance of competitive interactions may be due to several reasons. It may be 374 advantageous for one microbial group to express phenotypes that equip them to compete in the 375 presence of another microbial group, either through changes in metabolism which increase growth 376 rate, through secretion of chemicals which slow down or stop the growth of other microbes, or even 377 through contact killing of close proximity cells (Ghoul and Mitri 2016) . Even if phenotypes are 378 expressed that lead to increased growth rate for a particular species, they may not lead to an overall 379 increase in growth rate of the whole consortium because the growth rates of competing species may This is a provisional file, not the final typeset article suffer disproportionately. Moreover, if two or more microbial groups occupying separate niches 381 detect the presence of one another, they could still express competitive phenotypes to increase their 382 growth rate (Abisado et al. 2018 ) (as they would be unaware of their different respective metabolic 383 requirements), this may be detected as an overall increase in yield i.e. the carrying capacity of the 384 leachate would be higher as a more diverse set of compounds are utilised as substrates and degraded. 385
However, if this were the case then one would expect to see some consortia with both and 386 > 1, which is only seen in one consortium (Lysinibacillus sp. and Alcaligenes sp.). 387
Alternatively, these isolates could secrete chemicals into the media which hinder the growth of one 388 another even though occupying different niches means they cannot be in direct competition. This is a 389 "shooting oneself in the foot" situation where a consortium may have the potential to perform well 390 but does not due to natural competition. 391
Another potential reason for the observed predominance of competitive interactions is that cheaters 392 are likely to be common. Cheaters are species which consume common resources, possibly in the 393 form of useful substrates or co-factors, to maximise their own growth without any positive 394 contribution to the consortium. From a game theoretic view, these systems are vulnerable to 395 exploitation (Lambert, Vyawahare, and Austin 2014) . Even if there are no cheaters, the system may 396 only be in a metastable state. It would only take one microorganism to evolve competitive 397 phenotypes under the selective pressure of the environment to then overwhelm the other 398 microorganisms and cause the system to crash. Hence, given enough time, even consortia that are 399 perceived to have overall synergistic interactions may crash. This would cause issues for industrial 400 bioprocesses, which may seek to operate continuously, as any small perturbation in the growth 401 conditions could cause changes in the composition of the consortium ultimately leading to 402 suboptimal performance (for this reason, it may be preferable to operate such systems in batch mode, 403 for example, in sequential batch reactors). This may be more likely to occur when species richness 404 increases, as more species could lead to more points of failure within the system i.e. there is a higher 405 probability of a negative interaction existing (which ends up having a detriment on the whole system) 406
as the number of unique species increases. Our results support this, showing that at a higher species 407 richness rate determining and yield determining interactions become more negative. 408
We modelled the changes in interaction with species richness/biodiversity and found the most 409 synergistic rate determining interactions occurred in cultures of two bacteria (co-cultures), with the between species richness and rate determining interactions was seen in the form of a decaying power 412 relationship (Figure 2a ). A significant second order polynomial model was used to predict yield 413 determining interactions with species richness, then each model was changed to a mixed model to 414 account for community identity as a random effect. It was found that community identity is an 415 important factor in the determination of consortia interactions. It is, however, more important in the 416 prediction of yield determining interactions than for rate determining interactions. Simple linear 417 regression enabled analysis of the changes of rate determining interactions with rate, and yield 418 determining interactions with yield. As predicted, more positive rate determining interactions lead to 419 higher rates, and the same is true for yield but to a lesser extent ( Figure 5 ). Therefore, in order to 420 maximise rate and yield, consortia with the most positive interactions need to be designed. No 421 correlation was found between additive rates or yields of the species in a consortium and the actual 422 yields or rates of the consortium (Figure 1 ). This indicates that simply adding the properties of 423 monocultures to predict the properties of consortia is not a valid way of designing these ecosystems, 424
implying that these systems are highly interactive. For instance, two very well-performing 425 monocultures may compete very much, and two poorly performing monocultures may cooperate very 426 much, justifying the full factorial experiment approach. 427 A weakness in inferring interactions by calculating the ratio of community growth rate to the sum of 428 monoculture growth rates is that only overall interactions are predicted. For example, a value of F ≈ 429 1 implies that growth rates are additive, but it may be that one bacterial isolate overwhelms another, 430 leading to a significant increase in the growth rate of the first isolate and a reduction in the other. 431 Therefore, it cannot be said if there are both positive and negative interactions occurring within a 432 community, only the overall interaction can be inferred. To account for this weakness, regression tree 433 analysis was used to tease out more subtle interactions. These proved very effective in revealing 434 previously unseen interactions without actually needing to investigate the consortia themselves with 435 more invasive and comprehensive laboratory techniques. This provides a computational framework 436 to infer more complex interactions from a large but basic data-set. We found a keystone species 437 which on average resulted in an increase in consortium yields when it was present. This was 438 This is a provisional file, not the final typeset article Interestingly, the presence of any other bacteria into the synergistic Alcaligenes sp. and these isolates had at least one type of negative interaction (but this is true of any pair of isolates). 446
Regression tree analysis also revealed that, on average, the highest yield-determining interactions 447 occurred when Lysinibacillus sp. was present with Paenibacillus sp., implying that these species tend 448 more often to form synergistic interactions with one another, through metabolite exchange or 449 occupying separate niches. Regression tree analysis partitioned the yield interaction data by species 450 presence more often than the rate interaction data (which was more often split by species richness), 451 supporting the mixed effects models, which state that yield interactions are affected more by 452 consortium identity than rate interactions were. The rate interaction regression tree ( Figure 2 ) 453 partitions the data mainly based on richness. The most positive rate interactions are seen at a low 454 species richness. Once again Alcaligenes sp. appears in the regression tree but is associated with a 455 decrease in rate-determining interactions, but only in high species richness consortia (however when 456 combined with Lysinibacillus sp. it is the best overall performing co-culture in both yield and rate 457 determining interactions). This implies that this isolate is only synergistic with a narrow range of 458 other species, where a competitive phenotype might develop in response to bacteria with shared niche 459 requirements. 460
The absence of Stenotrophomonas chelatiphaga (isolate 13) was associated with an average increase 461 in both rate and yield determining interactions. This could mean S. chelatiphaga more often than not 462 competes, either through cheating or expression of competitive phenotypes regardless of the 463 environment it is put in. This would imply that while S. chelatiphaga tends not to compete for 464 resources when in consortia, it does not have much of a synergistic effect either as ≈ 1. This 465 also suggests that other isolates tend to have synergistic interactions between one another in co-466 cultures which exclude S. chelatiphaga, which can be seen from Figure 3 as the mean is 467 relatively high, being on average 1.37 in all co-cultures which exclude S. chelatiphaga. 468
In conclusion, we found that rate determining interspecies interactions decreased as consortium 469 biodiversity increased, and that yield determining interspecies interactions first increased, and then 470 decreased as biodiversity increased. Most consortia exhibit competitive traits instead of synergistic effects models indicate that consortium identity is more important in the prediction of yield 473 determining interactions than rate determining interactions, and this was further supported by the 474 partitioning of the data using regression tree analysis. Richness more significantly split the data than 475 species presence for rate determining interactions, but species presence more commonly split the 476 yield determining interaction data. We were then able to infer several specific interspecies 477 interactions without conducting specific interspecies interaction experiments solely by virtue of 478 having a complete (factorial) dataset of simple yield and rate data by applying the regression tree 479 algorithm to it. This illustrates that regression tree analysis can be used as a crucial tool in speeding 480 up the determination of interspecies interactions due to its ability to process data generated through 481 fast high throughput techniques. From a leachate treatment perspective, the enrichment procedure 482 would need to be expanded to capture more diverse isolates, and the same methodology described 483 here applied to further increase yields and rates of leachate degradation. Finally, microbial diversity 484 is often a distinct advantage in waste treatment when waste composition varies, and this would need 485 to be tested with any prospective high performance synthetic consortia. 486
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